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Abstract 
Residential electricity consumption is an important part of general energy use. Its detailed investigation, 
however, requires rich empirical data, here the data of Swedish households. The individual consumption 
is a time series of readings at certain time intervals (hourly, every ten minutes, or every minute, say). 
Series exhibit patterns, in terms of which they may be compared, and it is desirable to model similarity. 
Classical statistical methods (correlation, factor, and cluster analyses) are presently used for this purpose; 
they have the advantage of being more explicit than the techniques of adaptive data analysis that may 
recently have become excessively popular.  The present work is methodological, preceding any massive 
statistical analyses. Factor analysis allowed describing individual styles in terms of time intervals (during 
a day) of maximal variability. Cluster analysis was used for finding groups of days with similar patterns; 
the obtained clusters can help interpreting the results of other methods. Comparing two households 
requires comparing two sets of time series; correlation analysis quantified the similarity between them.    
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1. Introduction 
Learning the households' electricity consumption is an important part of current investigations in energy 
science. There are many questions about individual consumption that motivate researching consumers' 
preferences, the effectiveness and efficiency of electricity use, and other things of interest.  Do individual 
households exhibit patterns (styles) in using electricity? Can different households have similar patterns? 
How should similarity be measured?  Does available empirical data substantiate classification by 
similarity of patterns? (Classification will not be presently attempted but we see it an important question.) 
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The questions may be viewed from two opposing angles: that of energy science and of that mathematics. 
We start by proposing a mathematical tool, but which appears well supported by domain considerations. 
2. Data 
Though our work is methodological, the presented techniques have been successfully tested on some 
generally available data, collected in the end-user metering project [1]. Time series for four apartments, 
for February 2006, are taken. The selection reflects our intention to compare simultaneous consumptions 
during a typical working month, without holidays, taking the households with data for other months 
available (for the sake of future investigations).  Each household is represented by an hourly-spaced time 
series of meter readings of its total electricity consumption, starting on the first of February and ending on 
the twenty eighth of February 2006.  
 
3. Similarity 
 
Statistical techniques for comparing two linked samples (time series in our case) are many; one of the 
most basic uses the Pearson's (product-moment) correlation coefficient. This quantifies the similarity 
between two sequences of pairwise simultaneous, or otherwise corresponding, observations. From our 
point of view, it is preferable to see a pattern of consumption as a property of a household only if the 
series shows stability segment-wise, week by week or day by day, say. Let us think of this property as 
auto-similarity (about to be properly defined). We propose therefore to apply the Pearson correlation not 
to a pair of (long) series directly, but to pairs of segments in the two series, averaging over the pairs in a 
way that strongly penalizes dissimilarities. The sequence of hourly readings during a week, for example, 
consists of seven segments of length twenty-four each, and so in two such sequences there would be 
forty-nine pairs of segments to correlate (by symmetry, there would actually be only twenty-eight).  
 
Definition.  Let X and Y be sets of numerical sequences of fixed length, n and m in number, respectively.  
For every sequence  x in X and every sequence  y in Y form their Pearson correlation  r(x,y) and let 
T(X,Y) be the geometric mean of the absolute values of all these n x m numbers. Write T(X) for T(X, X).  
 
Call T(X,Y) the coefficient of similarity of the sets X and Y. Call T(X) the coefficient of auto-similarity 
of the set X. If then a sequence with a distinguished collection of segments is identified with that 
collection, this terminology naturally extends to time series; the daily auto-similarity of the sequence of 
hourly readings during a week, for example, is the auto-similarity of the set of the seven daily segments.  
 
Note that the values of the function T(X, Y) always lie between zero and one; the function equals zero in 
case of total (Pearson) independence of some pair x and y, and it equals one if the elements of every pair 
are proportional. Note also that while T(X, Y) measures the similarity between two segmented time 
series, the number T(X) indicates whether a series demonstrates stable repetitions of the segment pattern.  
 
Note finally that the value T(X) does not change under scaling of X in any of its segments; it stays the 
same if all the values in some segment are multiplied by the same positive number. But with T(X) large, 
averaging over a time segment will be stable too, representing the mean level of consumption.  
 
Both coefficients were tested on real data. For four households, their daily-segmented series called A, B, 
C and D, respectively, the coefficients of auto-similarity (the diagonal of Table 1), and the coefficients of 
similarity for all pairs, were computed. 
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Table 1. The coefficients of auto-similarity and the coefficients of similarity for all pairs of households. 
 A  B  C D 
A 0.556 0.535 0.516 0.500 
B  0.597 0.583 0.552 
C   0.745 0.643 
D    0.574 
 
The coefficient T(X) is visibly highest for X = C and lowest for X = A; the coefficient T(X, Y) is highest 
for (X, Y) = (C, D) and lowest for (X, Y) = (A, D). (Space limitations rule out graphical illustrations.)   
 
4. Factor analysis 
 
A factor model was constructed for each household. Matrices of dimension 28x24 were used. As 
variables we considered hourly-spaced points of time during the day. Days were used as cases. For all 
four households, already three factors were enough to explain a major part of a variance.  Factors were 
interpreted by time intervals (hours) with large variances. We see that for different households the time 
intervals have different weights. This suggests that “time intervals” are useful for describing patterns. 
Table 2. The time intervals during the day as the factors for the households' styles of consumption 
Households Factor  1  Factor  2 Factor  3 
A 8:00 – 13:00   
(24 %) 
2:00 – 5:00   
(22 %) 
17:00                   
(13 %) 
B 8:00 – 15:00   
(39 %) 
19:00 – 21:00   
(25 %) 
16:00 – 17:00   
(10 %) 
C 1:00 – 5:00   
(22 %) 
10:00 – 12:00   
(20 %) 
14:00 – 15:00   
(13 %) 
D 0:00 – 6:00   
(40 %) 
9:00 – 14:00   
(19 %) 
20:00 – 21:00   
(11 %) 
 
One sees that the first (largest) factors for both C and D include morning time; the second factors are also 
similar.  For A and D the intervals distinguish all factors (they do not even intersect).  This agrees with 
the hypothesis that C and D are more similar by consumption than A and D; recall also that the similarity 
coefficient T(C, D) is greater than T(A, D).   
 
5. Cluster analysis 
 
Cluster analysis turned useful for observing the patterns in detail. We only report clustering for the 
households B and C, with T(B) = 0.597 and T(C) = 0.745, respectively, meaning that C reproduces more 
similar series day by day than B. The method of k-means was applied for series formed into matrix 
28x24.  For each household, four clusters consisting of “similar” days were obtained. Considered then 
was the relation between week days and clusters.   
 
The results turned out different for different households. The household B distinguishes working days 
from weekends (cf. industrial consumption [2]), but not C. The obtained clusters for household C are 
weekly discriminated.  
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Table 3. The frequencies of cross-tabulation for weekdays and for four clusters for the two households. 
 
 The four clusters for B The four clusters for C 
Clusters 1 2 3 4 1 2 3 4 
Monday 4    1 1 1 1 
Tuesday 4    2  1 1 
Wednesday 4     2 2  
Thursday 4    1  3  
Friday 2 1 1  1 2  1 
Saturday   3 1 1  2 1 
Sunday 1 2 1    2 2 
 
So even in case of low value of the coefficient of similarity, it is worth looking for clusters (groups) with 
similar elements. 
 
6. Conclusions 
 
Our coefficients of similarity and auto-similarity detect patterns in residential electricity consumption. 
The patterns can be examined with factor analysis, the factor model constructed in terms of time intervals. 
There are patterns that allow clustering with splitting by groups with similar sequences.   
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